Satellite-derived aerosol optical depth (AOD) has been increasingly employed for the estimation of ground-level PM2.5, which is often achieved by modeling the relationship between AOD and PM2.5. To evaluate the accuracy of PM2.5 estimation, the cross-validation (CV) technique has been widely used. There have been several CV-based validation approaches applied for the AOD-PM2.5 models. However, the applicable conditions of these validation approaches still remain unclear. Additionally, is there space to develop better validation approaches for the AOD-PM2.5 models? The contributions of this study can be summarized as two aspects. Firstly, we comprehensively analyze and assess the existing validation approaches, and give the suggestions for applicable conditions of them. Then, the existing validation approaches do not take the distance to monitoring station into consideration. A new validation approach considering the distance to monitoring station is proposed in this study. Among the existing validation approaches, the sample-based CV is used to reflect the overall prediction ability; the site-based CV and the region-based CV have the potentials to evaluate spatial prediction performance; the time-based CV and the historical validation are capable of evaluating temporal prediction accuracy. In addition, the validation results indicate that the proposed validation approach has shown great potentials to better evaluate the accuracy of PM2.5 estimation. This study provides application implications and new perspectives for the validation of AOD-PM2.5 models.
Introduction
With the rapid development of economy, air pollution has aroused worldwide concerns in recent years. As reported by a study of World Health Organization (WHO), the public health is heavily influenced by air pollution during the 21th century (WHO, 2006) . Thereinto, fine particulate matter (PM2.5, particulate matters with aerodynamic diameters of less than 2.5 m  ) pollution has gradually become one of the main air pollutants (Engel-Cox et al., 2013; Peng et al., 2016) . To monitor the PM2.5 pollution, the ground stations are considered to be the most reliable with high accuracy of PM2.5 measurements. However, due to the high cost of monitoring stations, the PM2.5 station network is usually sparsely distributed in space.
Satellite remote sensing has been widely employed to extend the PM2.5 monitoring beyond the ground stations, owing to its large temporal and spatial coverage. To estimate PM2.5 from satellite remote sensing, the most widely used strategy is establish a statistical relationship model between satellite-derived aerosol optical depth (AOD) and ground-level PM2.5. Hence, there have been many AOD-PM2.5 models developed for the estimation of PM2.5 from satellite observations. These AOD-PM2.5 models mainly include the early statistical models, such as, multiple linear regression (Gupta and Christopher, 2009b) , semi-empirical model (Liu et al., 2005; Tian and Chen, 2010) , and so on, and more advanced statistical models, for instance, geographically weighted regression (Hu et al., 2013) , linear mixed effects model (Lee et al., 2011) , neural networks (Gupta and Christopher, 2009a; Li et al., 2017b) , and etc. However, how to validate the AOD-PM2.5 models still remains a challenge.
To evaluate the estimation accuracy of AOD-PM2.5 models, the station PM2.5 measurements are commonly adopted. Hence, a cross-validation (CV) technique (Rodriguez et al., 2010 ) is often applied, which in fact leaves some station PM2.5 observations for model validation. Based on the CV technique, several validation approaches have been employed for the model validation, including the sample-based CV (He and Huang, 2018; Li et al., 2017b) , the sitebased CV (Lee et al., 2011; Xie et al., 2015) , the region-based CV (Li et al., 2017a) , the timebased CV (Ma et al., 2016b; Zhang et al., 2018) , and so on. In addition, some studies focused on the historical prediction of PM2.5 concentrations. The historical validation Ma et al., 2016a) , which does not use a CV strategy, has also been exploited. Some studies focusing on satellite-based PM2.5 estimation adopted only one of the above-mentioned validation approaches, while some studies simultaneously used several validation approaches.
However, the existing validation approaches often make the readers confused, because a same AOD-PM2.5 model may report different validation results using different validation approaches. The applicable conditions of these validation approaches still remain unclear.
Researchers often did not choose an appropriate validation approach in accordance with their study goals. Therefore, it is of great importance to clarify the applicable conditions of the existing validation approaches. On the other hand, the monitoring stations are often established in the centers of cities. The validation stations are usually very close to the modeling stations.
As a result, previous validation approaches may just evaluate the estimation accuracy of locations close to monitoring stations, but have no capacities to reflect the estimation accuracy of locations father to monitoring stations. They do not take the distance to monitoring stations into consideration, which will bring some biases for the evaluation of AOD-PM2.5 models. Is there space to develop a better validation approach for AOD-PM2.5 models?
In this paper, one of the main objectives is to comprehensively analyze and assess the existing validation approaches. On the basis, this study will give some suggestions for the applicable conditions of the existing validation approaches. Secondly, a new validation approach considering the distance to monitoring stations will be developed. The rest of this paper is organized as follows. Section 2 is going to fully analyze the existing validation approaches. In section 3, we will propose a new validation approach, and it will be verified by a case study.
The discussions and conclusions will be summarized in section 4.
Previous validation approaches
Using ground station measurements to validate the estimates from satellite remote sensing is a common strategy. Hence, the cross-validation technique, which actually leaves some station observations for model validation, has been widely adopted to validate the AOD-PM2.5 models.
For the k -fold cross-validation (Rodriguez et al., 2010) , the samples (stations, regions, or times) are divided into k folds randomly and averagely. Then, 1 k  folds of them are used for model fitting and the remaining one used for model validation. Finally, the above process will be repeated k times, so as to validate the model performance on each fold. Thereinto, k is often set as 10 or the number of samples (stations, regions, or times), which indicates the 10-fold CV or the leave-one CV, respectively. In the field of AOD-PM2.5 studies, for crossvalidation, the input data can be data samples, monitoring sites, stations in one region, or stations in one time, which are named as sample-, site-, region-, or time-based CV, respectively.
In addition, the historic validation, which does not belong to a cross-validation technique, has also been used for validating the AOD-PM2.5 models. The schematics of these validation approaches are presented in Figure 1 , and the details of them are as follows. 
The sample-based CV
As presented in Figure 1 (a), we mix up the locations and times of the AOD-PM2.5 matchup samples, and then randomly select some samples for cross-validation. Please note that, for a certain monitoring station, the samples from this station on some times are used for modeling fitting, and samples on the other times for model validation. That means the modeling dataset and validation dataset may contain the same monitoring stations. In general, the sample-based CV approach is often employed to reflect the overall prediction ability of AOD-PM2.5 models.
However, this validation approach has some limitations, that is, a same monitoring station may be simultaneously used for the model fitting and the model validation, i.e., some times of observations for model fitting, and the other times of observations for model validation. This brings some biases to evaluate the model prediction ability for satellite-based mapping of ground-level PM2.5, because the locations with PM2.5 values to be estimated have no ground stations in the real situations.
The site-based CV
Unlike the sample-based CV, the monitoring stations are randomly selected for model validation in the site-based CV approach, which is shown in Figure 1 (b). For the site-based CV, the validation stations are never included in the model fitting, that is, the validation station samples on all times are merely for model validation. Hence, the site-based CV has the potentials to evaluate the accuracy of PM2.5 spatial prediction. Here, it should be noted that the site-based CV often refers to the grid cell-based CV, because the PM2.5 values from multiple monitoring stations in a grid cell are often averaged in the model development (Li et al., 2017a; Shen et al., 2017) . However, as is well known, the monitoring stations are usually established in the center of cities, and the vicinities of validation stations often exist modeling stations.
Thus, the site-based CV has some limitations in the evaluation of model performance, which implies the site-based CV is not able to reflect the prediction accuracy of PM2.5 on the locations with farther distance to monitoring stations. Although the site-based CV is a spatial-out validation approach, but it tends to only reflect the prediction accuracy of locations close to monitoring stations.
The region-based CV
To some degrees, the region-based CV has the potentials to avoid the limitations of the sitebased CV. As observed from Figure 1 (c), some certain regions, e.g., a province (Li et al., 2017a) , 
The time-based CV
Then follows by the time-based CV approach, which is illustrated in Figure 1 (d). Unlike the above validation approaches, which pay more attentions on the evaluation of spatial prediction, the time-based CV is often used to evaluate the accuracy of temporal prediction. Under some situations, the satellite-derived AOD data are available, whereas the station PM2.5 observations are absent. The AOD-PM2.5 models are established using samples on the times with both AOD and PM2.5 data, how well do the models perform on those times without AOD-PM2.5 matchups?
Hence, we randomly choose some times of observations for model validation, and the remaining times of observations are used for model fitting. The time-based CV is expected to evaluate the prediction accuracy for those times without AOD-PM2.5 matchups. However, in the real situations, the times with satellite AOD but without PM2.5 measurements are relatively rare. Therefore, due to the a few applicable conditions, the use of the time-based CV is limited for the assessment of the AOD-PM2.5 models.
The historical validation
With a large temporal coverage of satellite observations, the AOD-PM2.5 models have shown the capacities to predict historical PM2.5 concentrations. Hence, the historical validation approach is developed to evaluate the accuracy of historical prediction. As presented in Figure   1 (e), long time historical PM2.5 data are collected for the validation of AOD-PM2.5 models. Here, the main differences between the historical validation and the time-based CV are that, the historical validation uses long time historical PM2.5 data, while the time-based CV randomly chooses some times of PM2.5 observations in the study period for cross-validation. It should be noted that some studies used future PM2.5 data for historical validation, for example, the model was established using samples from 2013, and was validated using PM2.5 data in the first half To sum up, it can be concluded from the above analyses that, the sample-based CV has the ability to evaluate the overall accuracy of PM2.5 estimation; the site-based CV and the regionbased CV are expected to evaluate the spatial prediction accuracy; the time-based CV and the historical validation are used for the evaluation of temporal prediction accuracy. On the basis, we give some suggestions for the applicable conditions and limitations for these validation approaches, which can be seen in Table 1 .
The proposed validation approach

The development of the proposed validation approach
As explained in the site-based CV, the monitoring stations are unevenly established in space, for example, mainly in the centers of cities. Hence, the stations are often distributed sparsely in a large range and relatively densely in a small range. Thus, the monitoring station is close to its neighbors, as a result, the site-based CV only reflects the prediction accuracy on the locations near the stations. However, the performance on locations farther to the stations still remains unclear. On the other side, due to the uneven distribution of monitoring stations, the existing validation approaches may have the risks to misjudge the superiorities of the AOD-PM2.5 methods. For instance, the spatial interpolation may achieve a better PM2.5 estimation result, due to the closeness of validation stations and modeling stations. Therefore, it is of great significance to develop a validation approach considering the distance to stations for a better evaluation of the AOD-PM2.5 models.
Supposing that m validation stations are collected, which forms a validation collection Figure 2) . Thus, the distances of validation stations to modeling stations are all greater than d . Then, the AOD-PM2.5 estimation model considering the distance to stations can be depicted as Equation (1). Subsequently, the AOD-PM2.5 model can be validated using the validation collection, which is represented as Equation (2).
is input variables of the validation dataset for the distance d . Through the calculation of equation (2), the estimated PM2.5 values can be obtained. Comparing the estimated PM2.5 with station PM2.5 measurements, the model performance will be evaluated. Figure 2 presents the workflow of the proposed validation approach, which mainly consists of three steps.
Step 1: Based on a 10-fold CV, the monitoring stations are divided into 10 folds randomly and averagely, for each validation fold, we can obtain the validation collection of stations ( val
and the remaining stations are used as modeling collection ( fit S ).
Step 2: We manually set a distance d , and the modeling collection will be updated according to the distance from validation station to modeling station. Using the updated modeling dataset, the AOD-PM2.5 model can be trained.
Step3: Through the established AOD-PM2.5 model, the estimated PM2.5 values will be calculated and compared against the station PM2.5 measurements in the validation dataset. Thus, the model performance can be evaluated. 
A case study using the proposed validation approach
Study region and data
To verify the proposed validation approach, a case study is conducted on the region of China.
The study region is shown in Figure 3 , and a total of ~1500 monitoring stations have been collected for the model development and validation. The study period is from January 1, 2015
to December 31, 2015. The annual mean PM2.5 values on each station were calculated, and presented in Figure 3 .
The data used in this study include four main parts. Briefly, they are described as follows. 1)
Ground-level PM2.5. We collected hourly PM2.5 measurements from the China National 
MODIS normalized difference vegetation index (NDVI). MODIS NDVI products (MOD13)
were also achieved from the LAADS website. The details of data used can refer to our previous study (Li et al., 2017a) . 
The AOD-PM2.5 model
The proposed validation approach is used to evaluate the performance of the Geoi-DBN model, which was developed in our previous study (Li et al., 2017a) . In brief, the Geoi-DBN model represents a relationship between PM2.5, satellite AOD, meteorological factors, satellite NDVI, and geographical correlation of PM2.5. The procedure of the Geoi-DBN for the satellitebased estimation of ground PM2.5 consists of three steps.
Step 1: The input variables (satellite AOD, meteorological factors, satellite NDVI, and geographical correlation of PM2.5) are input into the Geoi-DBN model. This model is pretrained without supervision to initialize itself. That is, the station PM2.5 measurements are not used in this step, the initial model coefficients are trained from input data.
Step 2: The model-estimated PM2.5 can be obtained. Subsequently, we calculate mean square error between estimated PM2.5 and ground observed PM2.5. The error is sent back to deep learning model to fine-tune the model coefficients using back-propagation (BP) algorithm (Rumelhart et al., 1986) . This process will be repeated until the Geoi-DBN model achieves a satisfactory performance.
Step 3: The Geoi-DBN model will be evaluated and utilized to predict the spatial PM2.5 values where there is no monitoring stations. Thus, the spatial distribution of PM2.5
concentrations can be obtained.
Results and analyses
To evaluate the Geoi-DBN model using the proposed validation approach, we set the distance Table 2 . As presented in Table 2 , when the distance is set as 0 km, the proposed validation approach is in fact the site-based CV. The R 2 and RMSE values are 0.84 and 15.39
Here, the performance differs from that of our previous study, the reason for this is that the Geoi-DBN model is slightly improved by calculating temporal correlation term using spatial correlation term rather than the historical PM2.5 from the same station. As the distance increases, the validation stations get farther to the modeling stations. Overall, the model performance is gradually decreasing, with R 2 values decreasing from 0.84 for 0 km to 0.58 for 110 km.
To characterize the decreasing treads of model performance, we fit a linear regression between R 2 and distance, which is exhibited in Figure 4 
Discussions and conclusions
To sum up, this work has two aspects of contributions to the field AOD-PM2.5 studies. the capacities to fully evaluate the AOD-PM2.5 models. In a word, this study provides application implications and new perspectives for the validation of AOD-PM2.5 models.
